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Abstract

The focus of DUC 2005 was on developing
new evaluationmethodsthattake into account
the variation in content of human-authored
summariesTherefore DUC 2005hada single
userorientedtaskthatallowed the community
to put someof their time andeffort into help-
ing with the new evaluation framewvork dur-
ing 2005. Thequestion-focusedummarization
taskwasto synthesizdrom a setof 25-50doc-
umentsa brief, well-organized,fluent answer
to aneedfor informationthatcould not be met
by just statinga name date,quantity, etc.

1 Introduction

Over the past several years, we have witnesseda
tremendousincreasein interestin summarizationre-
searchfrom both academiaand industry A DARPA
program, Translingual Information Detection, Extrac-
tion, and Summarization(TIDES), specifically called
for major advancesin summarizationtechnology both
in Englishand from otherlanguagego English (cross-
languagesummarization).In responsethe National In-
stitute of Standardsaaind Technology(NIST) initiated the
DocumentUnderstandingConference(DUC) seriesto
evaluateautomaticext summarizationlts goalis to fur-
therprogressn summarizatiorandenableresearcherto
participatein large-scalexperiments.

In DUC 2001-2004a growing number of research
groupsparticipatedin the evaluationof genericand fo-
cusedsummariesof English newvspaperand newswire
data. Varioustarget sizes(10-400words)wereusedand
bothsingle-documensummarieandsummarie®f mul-
tiple documentgaroundlOdocumentperset)wereeval-
uated. Summariesvere manuallyjudgedfor their read-
ability, and both manualand automatic(Rouge)evalua-
tion of contentcoveragehave beenexplored.In 2004the

outputof Arabic-to-EnglishMT systemswvasalso sum-
marized.

DUC 2005 marked a major changein directionfrom
previous years. The road mapping committee had
stronglyrecommendethatnew tasksbe undertalenthat
werestronglytied to a clearuserapplication. A report-
writing task basedon a “natural disaster’scenariowas
proposedat the DUC 2004 workshop,but this was met
with little enthusiasnin the community At the same
time, therewas seriousdiscussionin the programcom-
mittee aboutworking on new evaluationmethodologies
andmetricsthattake into accountvariationof contentin
human-authoredummariegHarmanand Over, 2004).
In previous DUCs, NIST had done fine-grainedman-
ual evaluationof contentagainsta singlereferencehu-
man)summaryusing SEE. However, giventhe variation
in human-authoredsummaries,the community feared
thatevaluatingpeersummariesgainst singlereference
might leadto unstablesvaluationresults.

Thereforeit wasdecidedthatthe mainthrustof DUC
2005 would be to have a single simpler (but still user
oriented)task that would allow the communityto put
someof their time and effort into helping with a new
evaluationframework during 2005. The systemtaskin
2005wasto synthesizdrom a setof 25-50documentsa
brief, well-organized fluent answerto a needfor infor-
mationthatcould notbe metby just statinga name date,
guantity etc. This taskwasto modelreal-world complex
guestionansweringandwassuggestedy (Amigo etal.,
2004).

The main goalsin DUC 2005andtheir associatec-
tionsarelisted below.

1. Inclusion of user/taskcontext information for sys-
temsandhumansummarizers

e createDUC topicswhich explicitly reflectthe
specificinterestsof a potentialuserin a task
context



e capturesomegeneralisempreferences asim-
ple user profile, where the userindicatesthe
“granularity” or level of generalizatiordesired
in the summary

2. Evaluationof contentin termsof morebasicunitsof
meaning

e developautomatidoolsandmanualprocedures
to identify basicunitsof meaning

¢ developautomatidoolsandmanualprocedures
to estimatethe importanceof suchunitsbased
on agreemenamonghumans

e usetheabovein evaluatingsystems

e evaluatethe new evaluationscheme(s)

3. Betterunderstandingf normalhumanvariability in
a summarizatiotaskandhow it may affect evalua-
tion of summarizatiorsystems

e createasmary manualreferencesummariess
feasible

e examinethe relationshipbetweenthe number
of referencesummariesthewaysin whichthey
vary, andthe effect of the numberandvariabil-
ity onsystemevaluation

2 Task Description

The DUC 2005 task was a complex question-focused
summarizationtask that requiredsummarizerdo piece
togetherinformationfrom multiple documentgo answer
aquestionor setof questionsasposedn aDUC topic.

NIST Assessorslevelopedatotal of 50 DUC topicsto
be usedastestdata.For eachtopic, the assessoselected
25-50relateddocumentdrom theLosAngelesTimesand
Financial Timesof Londonandformulateda DUC topic
statementwhichwasarequesfor informationthatcould
be answeredusing the selecteddocuments. The topic
statementcould be in the form of a questionor set of
relatedquestionandcouldincludebackgroundnforma-
tion that the assessothoughtwould help clarify his/her
informationneed.

Theassessaalsoindicatedthe“granularity” of thede-
sired responsdor eachDUC topic. Thatis, they indi-
catedwhetherthey wantedtheanswetto their question(s)
to namespecificevents,people,places,etc., or whether
they wanteda geneal, high-level answer

An exampleDUC topicfollows:

num: D345

title: AmericanTobaccoCompanie®©verseas
narr: In the early 1990, Americantobaccocom-
paniedried to expandtheir businessverseasWhat
did thesecompaniesloor try to doandwhere?How
did their parentcompaniedare?

granularity: specific

Given a user profile, a DUC topic, and a cluster of
documentsrelevant to the DUC topic, the summariza-
tion taskwasto createfrom the documents brief, well-
organized fluent summarythat answerghe needfor in-
formation expressedn the topic, at the level of granu-
larity specifiedin the userprofile. The summarycould
be no longerthan 250 words (whitespace-delimitedo-
kens).Summarieoverthesizelimit weretruncatedand
no bonuswasgivenfor creatinga shortersummary No
specificformatting otherthan linear was allowed. The
summaryshouldinclude (in someform or other)all the
informationin thedocumentshatcontributedto meeting
theinformationneed.

TenNIST assessormproduceda total of 9 humansum-
mariesfor eachof 20 topics,and4 humansummariegor
eachof theremaining30 topics.

3 Participants

Therewasmuchinterestin thelonger, question-focused
summariesequiredn theDUC2005task;31 participants
submittedrunsto the evaluation. NIST alsodevelopeda
simplebaselinesystemthat returnedthe first 250 words
of the mostrecentdocumenfor eachtopic. The systems
and their Run IDs are listed in table 1. In additionto
the automaticpeers,the 10 humanpeerswere assigned
alphabetidRunIDs, A-J.

4 Evaluation of Linguistic Quality

NIST assessorsidgedeachsummaryfor linguistic qual-
ity andResponsienessAll summariegor a giventopic
werejudgedby a singleassessorin mostcasesthe as-
sessofudging the summariedor a topic was the same
assessowho developedthetopic.

Thelinguistic quality questionsassessetow readable
and fluent the summariesare, and they measurequali-
ties of the summarythatdo notinvolve comparisorwith
a referencesummaryor DUC topic. The five linguis-
tic qualities that were measuredvere Grammaticality
Non-redundancyRefeential clarity, Focus, and Struc-
ture and coheence All linguistic quality questionsre-
quireda certainreadabilitypropertyto be assessedn a
five-pointscalefrom “A” to “E”, where"A” indicatedthat
thesummarywasgoodwith therespecto the quality un-
derquestion,'E” indicatedthatthe summaryis badwith
respecto the quality statedin the question,and“B” to
“D” showvedthegradationin between.

In this sectionwe shaw the resultsof multiple com-
parisonsof linquistic quality scoresbetweenpeersus-
ing Tukey’s honestlysignificantdifferencecriterion for
eachquality question.Tables2-6 comparethe automatic
peersusingFriedmanstest,with bestpeersontop; peers
not sharinga commonletter are significantly different
(atthe 95.5% confidencdevel). For eachquality ques-



Organization SystemlD RunlID
(NIST) Baseline 1
ChineseAcademyof Sciences I0S_ SUMMZ 2
CL Research CLResearch.duc0%b 3
ColumbiaUniversity Columbia 4
Free®ext SoftwareTechnologiesinc. FTextST-05 5
FudanUniversity FDUSUM 6
IDA Centerfor ComputingSciences CCS-NSA-05 7
Internationalnstituteof InformationTechnology| IITH-Sum 8
Institutefor INfocommResearch I2RNLS 9
InformationSciencednstitute(Daume) isi-bgfs 10
InformationSciencednstitute(Lin) ISI-Webcl 11
ITC-irst LAKEO5 12
Laris/LarimLaboratory LARIS2005 13
LanguageComputerCorporation Icc.duc05 14
NationalUniversityof Singapore NUS3 15
OregonHealth& ScienceUniversity OHSU-DUCO05 16
TheHongKongPolytechnicUniversity PolyuU 17
Royal Instituteof TechnologyKTH KOD KTH-holsum 18
SimonFrasetUniversity SFUv2.4 19
ThomsonLegal & Regulatory TLR 20
ToyohashiUniversity of Technology TUT/NII 21
UniversidadAutonomade Madrid UAM2005 22
University College Dublin UCD-IIRG 23
Universityof Edinburgh EMBRA 24
Universityof Karlsruhe ERSS2005 25
Universityof Lethbridge ULETH2005 26
Universityof MarylandandBBN UMDBBN 27
Universityof Michigan CLAIR 28
Universitede Montreal NLP-RALIO5 29
Universityof Ottava UofO 30
TechnicalUniversityof Cataloniag(UPC) QASUM-UPC 31
Universityof Shefield SHEF-BSL 32

Tablel: Participantsandrunsin DUC 2005.




tion, we alsodid multiple comparisorbetweerall human
andautomatigeerausingtheKruskall-Wallis testinstead
of Friedmans test,to seehow the automaticpeersper
formedrelative to humanpeers.

Q1 Grammaticality: The summaryshould have no
datelines system-internatlormatting, capitalization
errorsor obviously ungrammaticakentencege.g.,
fragments missingcomponentsjhat make the text
difficult to read.

Multiple comparisornof all peerson Q1 shaws the best
humansummarizer(B) is significantly betterthan 28 of

the 32 systems(all systemsexcept 1, 5, 14, 16); the

worst humansummarizer(H) is betterthan 8 systems
(7,10,11,15,25,2@7,31).

RunID
16
14
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Table2: Multiple comparisorof systemdasedn Fried-
mansteston Q1: Grammaticality

Multiple comparisonof all peerson Q2 shaws the best
humans(B,D) are significantly better than 6 systems
(10,15,17,26,27,B). Five humang(l,C,G,RE) arebetter
thanjust2 systemg15,31).Onehuman(H) is betterthan
1 system(15). The worst humans(A,J) are not signifi-

cantlydifferentfrom ary system.

RunID
1
21
2
7
13
32

N
SN
>>r>>>P>>>r>P>P>I>>>>>>P>>>>>>>>>> D>
{osRosiloviveRveMveRveRvsRoviloeNveRveMveRvsiovosRosNveRveRveNoviovivoeRveMveRve v Roviov)
0000000000000 0000000000000O00O0

O00000000000000000000000000o0

Table3: Multiple comparisorof systemsasedn Fried-
mansteston Q2: Non-Redundang

Q3 Referential clarity: It shouldbe easyto identify
who or whatthe pronounsand nounphrasesn the
summaryarereferringto. If a personor otherentity
is mentionedit shouldbeclearwhattheirrolein the
storyis. So,areferencavould beuncleaiif anentity
is referencedut its identity or relationto the story
remainsunclear

Multiple comparisonof all peerson Q3 shaws that all

Q2 Non-redundancy: Thereshouldbe nounnecessary humansare significantly betterthanall but 2 automatic

repetitionin the summary Unnecessaryepetition
might take the form of whole sentencethatarere-
peated,or repeatedfacts, or the repeateduse of a
noun or noun phrase(e.g., “Bill Clinton”) whena
pronoun(“he”) would suffice.

peerg1, 12).

Q4 Focus. Thesummaryshouldhaveafocus;sentences
shouldonly containinformationthatis relatedto the
restof thesummary
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Table4: Multiple comparisorof systemdasedn Fried-
mansteston Q3: ReferentialClarity

Multiple comparisonof all peerson Q4 shaws that the
besthuman(G) is significantlybetterthanall automatic
peersexceptthe baseline.All otherhumansare signifi-
cantly betterthanall automaticpeersexceptthe baseline
andSystem12.

RunID
1 A
12 A
2

17
4

14

15
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Table5: Multiple comparisorof systemsasedn Fried-
mansteston Q4: Focus

Q5 Structureand Coherence: Thesummaryshouldbe
well-structuredand well-organized. The summary
shouldnotjust be a heapof relatedinformation, but
shouldbuild from sentencéo sentenceo acoherent
body of informationaboutatopic.

Multiple comparisonof all peerson Q5 shaws that the
besthumans(B,G) are significantly betterthan 31 sys-
tems(all automaticpeersexceptthe baseline). All hu-
mansare betterthan 30 of the automaticpeers(all auto-
matic peersexceptbaselineandSystem12).

5 Evaluation of Content

NIST did manual pseudo-gtrinsic evaluation of peer
summariesn theform of assessmerf Responaieness.
Responsienesds differentfrom SEE coveragein thatit
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Table6: Multiple comparisorof systemdasedn Fried-
man’'steston Q5: StructureandCoherence

doesnot comparea peersummaryagainsta singlerefer
ence;however, Responsienesgracked SEE coveragen
DUC 2003and2004,andwasusedto provide a coarse-
grainedmeasureof contentthis year NIST alsocom-
putedRougescoresaswasdonelastyear

In addition, ISI and Columbia spearheadedtivo ex-
ploratoryefforts atintrinsic evaluationof automaticsum-
mariescomparedagainstmultiple referencesummaries,
using automaticmethodsat ISI and manualmethodsat
Columbia:

1. [Columbia] Manual evaluation using coincidence
of meaning units (Summary Content Units, or
SCUs) betweena peer summaryand a pyramid
of SCUsconstructedrom multiple referencesum-
maries. DUC participantshelpedwith this manual
evaluation,usingtoolsandguidelinesdistributedby
Columbia.(SeePyramidoverviav paperin thisvol-
ume)

2. [ISl] Automatic evaluation using coincidenceof
meaningunits (Basic Elements,or BES) between
a peer summaryand one or more referencesum-
maries.The BEsareextractedfrom parsestructures
andmatchedacrossummariesisingvariousheuris-
tics. (SeeBE overvien paper in this volume)

5.1 Responsiveness

NIST assessorassigneda raw responsienessscoreto
eachsummary The scoreprovidesa coarseranking of
the summariedor eachtopic, accordingto the amount
of informationin the summarythat helpsto satisfy the
informationneedexpressedn thetopic statementat the
level of granularityrequestedh theuserprofile. (Thelin-
guistic quality of the summarywasto play arole in the
assessmerdnly insofar asit interferedwith the expres-
sion of informationandreducedthe amountof informa-
tion that was corveyed.) The scorewas an integer be-
tweenl and5, with 1 beingleastresponsie and5 being
mostresponsie. For a giventopic, somesummarywas
requiredto receive eachof thefive possiblescoresput no
distribution was specifiedfor how mary summarieshad
to receve eachscore. The numberof humansummaries
scoredpertopic alsovaried. Therefore raw responsie-
nessscorexannotbedirectlyaddedandcomparedicross
topics.

For eachtopic, NIST computedhe scaledresponsie-
nessscorefor eachsummary suchthat the sum of the
scaledresponsienesscoreis proportionato thenumber
of summariedor the topic. The scaledresponsienesss
therankof thesummarybasedntheraw responsieness
score.

Figure7 shavs multiple comparisonsf scaledespon-
sivenessof the automaticpeersusing Tukey’s honestly
significantcriterionandFriedmanstest(a = 0.05), with



the bestpeerson top; noneof the automaticpeersper
formed significantly betterthan the majority of the re-
mainingpeers,thougha few weremuchworse. In mul-
tiple comparisonf all peersusing the Kruskal-Wallis
test,all humanpeersweresignificantlybetterthanall the
automaticpeers.

RunID
10
5
4
15
29
11
17
8
7
14
6
28
21
19
24
9
16
32
12
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Table7: Multiple comparisorof systemsasedn Fried-
mansteston Responsieness

5.2 Rouge

NIST computedwo official Rougescores:Rouge-2and
Rouge-SU4recall, both with stemmingandimplement-
ing jackknifing sothathumanandautomaticpeerscould
becomparedSincethenumberof Rougeevaluationgper
topic varieddependingon the numberof referencesum-
maries,NIST computeda macro-aerageof eachscore
for eachpeer wherethemacro-aeragescoreis themean
over all topicsof the meanpertopic scorefor the peer
Analysis of varianceshaved significanteffects from
peerandtopic (p = 0 for eachfactor)for both Rouge-2
and Rouge-SU4recall. To seewhich peerswere differ-
ent,we did multiple comparison®f populationmarginal
meangPMM) for eachtypeof Rougescore.Thepopula-
tion maginalmeangemove ary effect of anunbalanced

design(sincenot all humanpeerscreatedsummariegor
all topics)by fixing thevaluesof thefactor“RunID”, and
averagingout the effectsof the otherfactor(“topic”) as
if eachfactorcombinationoccurredthe samenumberof
times.As canbeseenin Tables8-9, Rouge-2andRouge-
SU4 both clearly differentiatebetweerhumanvs. auto-
maticpeers.

6 Corrdation

It is very importantthat intrinsic measuresof content
(suchas Rouge,Pyramids,and BES) correlatewith ex-
trinsic ones.SinceResponsienessvasthe only pseudo-
extrinsic evaluationof contentthis year we needto mea-
surethe correlationof the intrinsic metricswith Respon-
siveness.

NIST computedthe average scaled responsieness
scoreof eachsummarizeracrossall topics. Sincethe
numberof humansummariesvaried acrosstopics, we
alsocomputedheaveragescaledresponsienesscoreof
only theautomaticsummariegignoringthe humansum-
mariesin scalingresponsieness).

Table 10 shaws thatthereis high correlationbetween
macro-&erageRougescoresandaveragescaledRespon-
siveness,despiteconcernsaboutthe low Rougescores
over all summaries.The correlationis high even when
thehumansummariesreignored(Table11).

Metric Spearman| Pearson
Rouge-2 0.95 0.97
Rouge-SU4 0.94 0.96

Table 10: CorrelationbetweenaveragescaledRespon-
sivenesandmacro-aerageRougerecall (with jackknif-
ing andstemming)all peers

Metric Spearman| Pearson
Rouge-2 0.90 0.93
Rouge-SU4 0.87 0.92

Table 11: CorrelationbetweenaveragescaledRespon-
sivenesandmacro-aerageRougerecall (with jackknif-
ing andstemming) only automaticpeers

7 Discussion
To beundertalenat the DUC 2005workshop.
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RunID | PMM of R2

C 0.1172 A

A 0.1156 A B

| 0.1023 A B C

B 0.1014 A B C

J 0.1012 A B C

E 0.1009 A B C

D 0.0986 A B C

G 0.0970 B C

F 0.0947 Cc

H 0.0897 cC D

15 0.0725 D E

17 0.0717 E

10 0.0698 E F

8 0.0696 E F

4 0.0686 E F G

5 0.0675 E F G

11 0.0643 E F G H

14 0.0635 E F G H |

16 0.0633 E F G H |

19 0.0632 E F G H |

7 0.0628 E F G H I J

9 0.0625 E F G H I J

29 0.0609 E F G H I J K
25 0.0609 E F G H I J K

6 0.0609 E F G H I J K
24 0.0597 E F G H I J K
28 0.0594 E F G H I J K

3 0.0594 E F G H I J K
21 0.0573 E F G H I J K
12 0.0563 F G H I J K
18 0.0553 F G H I J K L
26 0.0547 F G H I J K L
27 0.0546 F G H I J K L
32 0.0534 G H I J K L
20 0.0515 H I J K L
13 0.0497 H I J K L
30 0.0496 H I J K L
31 0.0487 I J K L
2 0.0478 J K L
22 0.0462 K L
1 0.0403 L M
23 0.0256 M

Table8: Multiple comparisorof all peersbhasecon ANOVA of Rouge-2recall




RunID | PMM of R-SU4

C 0.1775 A

A 0.1744 A B

I 0.1650 A B C

J 0.1624 A B C

B 0.1613 A B C

G 0.1593 A B C

D 0.1587 A B C

E 0.1533 B C

F 0.1518 Cc

H 0.1510 C

15 0.1316 D

17 0.1297 D E

8 0.1279 D E

4 0.1277 D E F

10 0.1253 D E F G

5 0.1232 D E F G H

11 0.1225 D E F G H

19 0.1218 D E F G H

16 0.1190 D E F G H |

7 0.1190 D E F G H |

6 0.1188 D E F G H I J

25 0.1187 D E F G H I J

14 0.1176 D E F G H I J

9 0.1174 D E F G H I J

24 0.1168 D E F G H I J

3 0.1167 D E F G H I J

28 0.1146 E F G H I J K

29 0.1139 E F G H I J K

21 0.1112 F G H I J K L

12 0.1107 G H I J K L

18 0.1095 G H I J K L M
27 0.1085 H I J K L M
32 0.1041 I J K L M
13 0.1041 I J K L M
26 0.1023 J K L M N
30 0.0995 K L M N
2 0.0981 K L M N
22 0.0970 L M N
31 0.0967 L M N
20 0.0940 M N
1 0.0872 N
23 0.0557

Table9: Multiple comparisorof all peersbhasecon ANOVA of Rouge-SU4ecall
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